Both air flow mechanics and control system of a wind turbine play an important role in its energy management system. Energy is considered as the essential part for the national development in the form of mechanical power or any other which has major contribution for improving the quality of life and enhancing the economic growth. Subsequently, power generation by wind velocity is a complex process with many interacting factors such as wind velocity, climate condition, natural disaster, control system, design structure, vane tip speed ratio, centrifugal force, rotor drag, turbulence flow, roughness and wind shear, etc. Various procedures have been reported in literature to achieve an optimal performance and system effectiveness. However, these control methods had depended only on exact mathematical modelling or on expert's knowledge that can't be relied on solely in modelling such a complex management of air flow mechanics due to its unstable climate condition and so on. In the proposed study, an integrated control model using an adaptive neurofuzzy inference system for wind turbine power management strategy has been introduced. In this model, an artificial neural network is employed to develop the fuzzy expert system in order to achieve a more realistic evaluation of wind power extraction. Simulations and experiments have been carried out to investigate the effect of control strategy parameters of the wind turbine and its power extraction.
Introduction
Energy is considered as the essential part for the national development in the form of mechanical power or any other which has major contribution for improving the quality of life and enhancing the economic growth. Thus, the use of wind turbine in the form of a renewable energy has become as one of the most viable alternative resource of power generation due to some compensations of it such as cost-effective and eco-friendly [1] [2] . Various institutions, companies, researchers and organizations have reported that wind turbines with higher efficiency are important to fulfill the energy demand at present [3] [4] . The study shows that the efficiency of the wind turbine can be achieved by using optimum turbine parameters in which energy is produced, used and saved. Therefore, a considerable amount of research studies has been devoted to using wind turbines in electricity generation [5] [6] . Although, the investigations have shown a reasonably good management of air flow or distribution of wind power generation, the most common controls to improve overall system efficiency of wind turbine are power absorption by reducing the number of losses and hence, more power extraction. Moreover, power absorption is limited by passive stall regulation, which could be controlled by the high load capacity generator. There are several techniques reported in literature to reach an optimum performance and system efficiency by using a conventional control system such as proportional-integral-derivative (PID). However, during the application, correct selection of turbine parameters is critical for estimating the wind power generation by using PID since it depends only on exact mathematical modeling. Subsequently, power generation in wind turbine device is a complex phenomenon with many other interacting factors such as wind velocity, climate condition, natural disaster, rotor drag, turbulence flow, roughness and wind shear, etc. Hence, there is a need for a more efficient and easier to use a system that could be employed in modeling such a complex management of air flow mechanics. Various techniques have been proposed in the literature [7] [8] [9] to predict the wind power by performing field testing, which could be expensive and time consuming as well as using theoretical data based on assumptions. This in turn would affect the accuracy of the developed models in the prediction of wind power. To confront this issue, researchers explored the use of neural network, genetic algorithms and so on, which have been used successfully in numerous engineering fields [10] [11] . In this regard, a fuzzy expert system (FES) has become a popular model that offers nonlinear system, and it has the advantage of fuzzy experts not requiring a precise mathematical model. Therefore, the inappropriate and inexact nature of the wind velocity-nonlinear system for a wind turbine could be effectively captured using fuzzy logic, which is considered as a logical system closer to human knowledge and machine language [12] . Therefore, an integrated intelligent model for wind turbine power management scheme is proposed in this study by using an adaptive neuro-fuzzy inference system (ANFIS). In this model, an artificial neural network is employed to develop the fuzzy expert system in order to achieve a more realistic evaluation of wind power extraction. In addition, demonstration is performed to investigate the effect of control strategy parameters on the system performance of the wind turbine and its power extraction.
Methodology

Theoretical analysis
The research has been carried out based on a theoretical analysis for a small-scale vertical axis wind turbine along with the formulation of the mathematical model, optimization of the design parameters of the wind turbine structure and air-flow system. The mathematical model has been formulated by understanding the wind nature, analysing the mechanics of turbine blade-wind interaction and the interaction of air-flow-aerodynamics. The mathematical model is then used for simulating the system performance, optimizing the design parameters and wind power generation. Two kinds of air-flow model have been employed in simulating the aerodynamics of the wind turbine. One is the overall flow model, and the other is a local flow model. The overall flow model is based on a double multiple-streamtube model, including flow expansion in the lateral direction. Moreover, the blade tip effects are significantly important in this model in order to use Prandtl lifting theory. This model is well suited for design investigation due to its reliable output results. On the other hand, the local flow model is based on one blade section conformal recording placed into a circle. Moreover, this analytical model is employed with input data in terms of lift force and pitching moment. The present analytical model is well suited for a design investigation due to the distribution of local pressure without any extra computation time.
Development of an integrated mechanics of turbine-blade-air flow interaction is relatively straightforward conceptually, but somewhat complex to implement and remains a technical challenge since they require many iterative calculations. Especially, theoretical analyses of the turbine blade element and actuator cylinder could be complicated due to the fact that the blades rotate relative to the rotor radius and air flow. To get stable rotational movement of the blade, multiplestreamtube analysis has been conducted such as the determination of lift and drag forces, respectively and hence, shaft torque, output power and power efficiency of the rotor are to be determined [13] . Furthermore, the belt drive system is to be employed, which consists of several parts of the belt drive calculation. Thus, the main calculation that has been done at this system based on angle of wrap for small and large pulley, belt length, pulley speed, the tension ratio and the power transmitted by the belt. In addition, Reynolds number and angle of attack have also been incorporated in order to obtain reasonably good air flow characteristics. Finally, the available wind energy and wind power of the turbine are calculated by making use of the force it exerts on solid objects, pushing them along. Subsequently, windmill blades are designed to move in response to this force and hence, wind machines can extract a substantial portion of the energy and power available. The details have been explained elsewhere published by the authors [13] . The available wind power of the turbine is calculated as the rate of change of kinetic energy of the wind according to the following relationship [9]: 
where is the density of air in kg/m 3 , m is the mass of air in kg, m is the mass flow rate of air in kg/s, T S is the total frontal area in m 2 , and v is the free stream wind velocity in m/s. The power coefficient (rated power), C P is calculated as the ratio of power delivered (P) by the system to the total power available on the cross sectional area of the wind stream (P wind ) subtended by the wind turbine according to the following relationship. wind P P P C (2) It is noted that for turbines with large total blade area, the change in pressure and the reduction in wind stream velocity will be large but the volumetric flow rate of the wind stream will be low which results in a lower power output and hence a low power coefficient.
Using equations of state for perfect gas the air density, is defined as [14] :
where p is the absolute pressure in N/m 2 , T is the temperature in K, and R is the gas constant of air in Nm/(kgK). Reynolds number (Re) based on the chord length is defined as [14] :
c v Re (4) where v is the free stream wind velocity in m/s; is the dynamic viscosity in kg/ms, and c is the chord length in m. T T (5) Fig. 1 . Illustration of the vertical axis wind turbine used to measure the power generation.
Wind turbine model development and testing
A small scale energy efficient vertical axis wind turbine (VAWT) (Fig. 1 ) was developed and tested. Details of the wind turbine development were presented elsewhere [13] . The top and bottom of each blade was a 1066.8 mm x 139.7 mm x 50.8 mm deep rectangular section to allow for easier connections to the radial arms and passive pitching system. The shaft was connected to the main parts and to the alternator during the full assembly of this vertical axis wind turbine. The belt drive system was consisted of several parts of the belt drive calculation and the V-Type belt was considered. The corner sharp had been used as aerofoil for the wind turbine blade by producing a controllable aerodynamic force with its motion through the wind flow. The components of the small scaled vertical axis wind turbine are designed by using the CATIA software installed in the Structural Laboratory. VAWT generated the power via a combination of turbine blade-air flow interaction and electric generators. In general, as the rotor rotates it converts the wind energy into mechanical energy. Several experiments were carried out in an open area of the laboratory. Before starting the operation, the battery terminal and alternator terminal were checked and connected to the light bulbs via connecting switch. Due to the rotation of the wind turbine blade, current was produced and the bulbs were turned on. The ambient pressure and temperature were recorded using the manometer and thermometer, respectively for the evaluation of air density in the laboratory environment. The power produced by the wind speed was also calculated by using equations (1) (2) (3) (4) (5) (6) . The wind speeds at the time of testing was measured between 5.89 and 7.02 m/s by using a digital manometer. For the different measured velocities, corresponding Reynolds numbers and wind power were calculated. The simulations had been carried out by using MATLAB for wind power measurement.
Adaptive Neuro-Fuzzy Inference System (ANFIS)
ANFIS is a fuzzy inference system implemented in the framework of adaptive networks by Jang [10] . ANFIS is an integrated intelligent model, where an artificial neural network is employed to develop the fuzzy expert system in order to achieve a more realistic evaluation of wind power extraction as shown in Fig. 2 . The ANFIS model proposed in this paper has a total of five layers and two inputs, Reynolds number (RE) and wind velocity (WV), and one output wind power generation (WP) have been considered for the convenience of modelling. In general, a neuro-fuzzy system is a neural network which is functionally equivalent to a fuzzy-inference system (FIS). For fuzzification, the linguistic variables very low (VL), low (L), medium (M), high (H), and very high (VH) are used for the inputs and output. The units of the used factors are: RE (-), WV (m/s) and WP (W). For the two inputs and one output, a fuzzy associated rule is developed as shown in Table 1 . Total of 25 rules were formed by the ANFIS. 
Results and discussions
The fuzzy logic toolbox in MATLAB was used to develop FIS and to train the ANFIS model in order to achieve the maximum prediction accuracy. Finally, control surface had been developed based on ANFIS model (Fig. 3) . The fuzzy control surface for the set associations described in the preceding sections have been incorporated in this figure where the output variable "WP". It depicts the non-linear surface of the Sugeno Fuzzy model for the wind power generation prediction problem. It may serve as visual depiction of how the intelligent system operates dynamically over time. This is the mesh plot of the example relationship between WV and RE on the input side and model output WP on the output side and displays the range of possible defuzzified values for all possible inputs. The plot is used to check the rules and the membership functions and to see if they are appropriate and whether modifications are necessary to improve the output until the output curves are desired. The result in Fig. 3 shows that the surface represents in a compact way all the information in the fuzzy logic expert system. Hence, it can be noted that this representation is limited in that if there are more than two inputs it becomes difficult to visualize the surface. Furthermore, this figure simply represents the range of possible defuzzified values for all possible inputs WV and RE. It also shows that as the wind velocity (WV) and Reynolds number (RE) increased, there is concomitant increased in wind power generation (WP) and vice versa [8] [9] . It shows that wind power generation reached a peak when the wind velocity and Reynolds number both reached their respective maximum level, although the effect is less prominent at the lower level of air density used in Reynolds number calculation since air density is very low and wing cord length have been considered as constant in the device. Consequently, wind power generation decreased to its lowest value when wind velocity and Reynolds number both reached their respective minimum level. It should be noted that the model's core objective is to predict the wind power generation within considerable limits of ambiguity. The prediction of wind power generation is dependent on the system variables that may vary time to time and place to place. Increasing the number of input variables would certainly improve the precision of wind power prediction. However, in this case the base of the fuzzy rules can be extensively complex, and the improvement of the output variable will still be small. Furthermore, it would increase the computational time. 
Conclusions
In this research, an adaptive neuro-fuzzy inference system (ANFIS) is proposed to predict wind power generation. A small scale vertical axis wind turbine is used to simulate the performance of the developed model. Furthermore, demonstration has been performed to investigate the effect of ANFIS model on the system performance of the wind turbine and its power extraction. This work has demonstrated the viability of the developed ANFIS model to evaluate power genertaion in wind turbine within high accuracy without needing to undergoing laborious experimental work for a variety of environmental conditions with many uncertanties which can be noneconomical and time consuming. Future work is ongoing with the development of full scale wind turbine along with other novel control techniques.
